Can mining serve as a pathway for economic development despite the environmental externalities? The co-occurrence of poor economic performance and natural resource abundance is an empirical regularity. The extensive literature on this 'resource curse' phenomenon at the national level generally finds that economic dependence on point resources such as minerals is associated with lower levels of economic growth and human welfare. Various explanations have been offered for this association, many related to trade, rent-seeking, and national political institutions. Our premise is that further insight can be obtained through consideration of the resource curse at the micro level, because of heterogeneity in institutions, natural resources and economic behaviors. We empirically test the resource curse at the household and village level in Orissa, India, using data from household surveys and secondary community statistics. Specifically, we examine the possibility that iron ore mining undermines welfare, as represented most fundamentally by health status, conditional on wage earnings. Clearly, mining workers could face occupational health issues from employment in the mine, but direct impacts on individuals are at least potentially compensated through wage differentials. Of greater concern are environmental health effects that occur through degradation of water quality, air quality, or forest resources that are central to the livelihoods of tribal populations in the mining belt. Identification of this environmental health effect requires controlling for the endogenous occupational health effect.
Introduction
Developing regions with large mineral deposits confront a challenge in striking the right balance between exploiting the mineral resources for economic prosperity and safeguarding environmental stability and social welfare. The state of Orissa in India faces this challenge as it embarks upon a major reform program with the mining sector taking center stage in the growth process. Most of Orissa's mineral deposits are in forests that are inhabited by tribal populations and harbor rich biodiversity. Mineral extraction therefore has disproportionately affected forest ecosystems and the forest dwelling population. However, the mineral sector is perceived to have failed to alleviate poverty for this population. Thus, the impact of mines upon natural ecosystems, biodiversity and tribal livelihoods has become a key concern and source of conflict in Orissa. This study profiles the forest dependent population that has been impacted by mines and evaluates the relationship between exposure to mining and available forest resources, benefits derived from the forest, and household welfare.
Mining activities around the world have been accompanied by land expropriation and environmental degradation that harm the livelihoods and health of local communities (Keenan et al 2002; Sosa 2000) . Mining can acidify the soil and water, increase toxic chemical availability, and increase siltation of water and leaf surfaces. These effects in turn are known to decrease water availability, decrease plant growth, and as a result, decreased wildlife abundance and diversity (Ripley et al. 1996; Suri et al. 1996; Marchus 1997; Saxena et al. 2002; Rasmussen and Koroleva 2003) . The cross-country empirical study by Sachs and Warner (1995) provides evidence of a link between natural resource abundance and poor economic growth, lending credibility to the 'resource curse' thesis (Auty 1993) . However, this finding by itself does not reject the adoption of natural resource-based growth strategies. Rather, policy-makers should pursue strategies that are sensitive to issues of distribution, welfare and environment (Ross, 2001) . Bulte et al. (2005) emphasize that institutional reform is necessary for resource-rich countries to escape the resource curse and achieve economic development. These issues have been recognized by the World Bank and incorporated in their model of technical and financial assistance to member countries aiming to develop the mining sector (World Bank 1998). Appropriate benefit-sharing mechanisms developed through consultation between all stakeholders are deemed indispensable for generating broad-based economic growth from mining activities (Hancock 2002) .
In Orissa, the state government believes that the vast mineral reserves offer potential not only for overall economic growth, but also for creating local employment opportunities. Accordingly, plans are being developed to expand mining output threefold within the next five years. 2 The proposed plans have been criticized by environmentalists and social activists concerned about the potential loss of forests and displacement of villages as the mines increase in number and size of operation. This concern extends to private investors, as found in a recent Climate Investment Survey for Orissa. Political unrest between villagers and the state over the issue of displacement has increased recently. Insufficient attention to managing impacts on the environment and the social fabric observed in the past has reflected adversely on public support for reform and private investment needed for accelerating growth in the state.
To our knowledge, this study is the first systematic analysis of local environmental and social impacts of mines in India. The analysis combines information from household and community surveys, spatial data on land cover, location of mines and villages, and census data to examine the impact of iron ore mines on the forest resource and local livelihoods in Keonjhar District of Orissa. Our analysis suggests that mine location is positively correlated with local factory and industry jobs and proximity to infrastructure (e.g., bus-stops and all-weather roads). However, the location is also negatively correlated with forest benefits (e.g., major NTFP sold and forest products in diet) and various other measures of household welfare (e.g., health, education, cash income and production assets). The negative impact of mine exposure on health is robust to different measures of health, different econometric models, and to the inclusion of controls for occupational health as represented by employment in the mines. The subsequent sections of this paper describe the study area, the conceptual framework, the sampling procedure, data collection methods, the data and the detailed findings from the analyses.
Study Area
The state of Orissa lies along the eastern coast of India. Geologically, two thirds of Orissa is precambrian rocks that are known to harbor many metallic and non metallic minerals. Besides large reserves of chromium, bauxite and manganese, Orissa has the largest reserve of superior quality hematite iron ore in the country (Sengupta 2005) . The recorded forest area in Orissa in 2003 was 4.84 million hectares, which constituted 31.06% of the geographic area and ranked third in the country in terms of forest cover 3 , 4 . However, in comparison with 1999 5 , forest cover had decreased by almost a million hectares. The mining areas are in close proximity to the remnant forest. According to the Human Development Indicators for sixteen major Indian states in 2004, Orissa falls below the national average and ranks eleventh 6 . Per capita income in villages close to the forests is lower than the state average. Residents of these villages depend on forest products for consumption, medicinal use and income. Previous studies have shown that forest products provide 25 -60% of total income in villages close to forests with large tribal populations (Mallik and Das, 2004; Bahuguna 2000) .
Within the state of Orissa, Keonjhar district was selected for this study because of the concentration of iron ore mines in the Joda-Badabil mining belt (Figure 1 ). Mining for iron ore began in the 1950s, and some of the planned new mines fall in this district. The district had a relatively high percentage (42.7%) of forest cover in 1999 (Forest Survey of India 1999). But, in the two blocks selected for this study, analysis of the land cover data reveals that 13.4 square kilometers of vegetative cover were replaced by mining activity between 1989 and 2004. Although per capita income in the district is just above the state average, the district is ranked 24th among the thirty districts in Orissa according to the overall human development index 7 .
Conceptual Framework
Mining in forested regions both directly reduces forest cover in areas of active mining and indirectly affects the quantity and quality of forests through pollution and potentially through changes in the local economy (e.g., in-migration for mining jobs, increased demand for fuelwood). This study was motivated in large part by concern over the impact of mining on the forest resource and the resulting indirect (and therefore often unrecognized and uncompensated) impacts on forest dependent peoples. As shown in Figure 2 , changes in the forest resource in turn affect the benefits that local people derive from the forest -i.e., forest use or forest dependence measured in terms of non-timber forest products (NTFPs) and watershed services (links A and D) . Mining may also affect these forest benefits through other pathways, e.g., by drawing labor out of NTFP collection and into employment in the mines or by increasing incomes and thereby changing the demand for NTFPs (link B in Figure 2 ). On the other hand, pollution from mines could negatively affect health and therefore people's ability to collect NTFPs and their welfare. The ultimate result is a net effect on household welfare, conditioned by pre-determined characteristics of the household and its social environment (link C and E in Figure 2 ).
In this study, the two key explanatory factors or policy levers of interest are exposure to mining activity and extent and quality of the forest resource. The following sections describe the methodological approach to identifying the impact of these factors on the benefits that people derive from forests and their overall well-being. Information collected from household and community surveys, land cover from satellite images, GIS data on location of mines and villages, and secondary information from census data are combined to develop indicators for exposure to mines, stock and quality of forest resources, benefits derived from forest and household welfare. Measures of mine exposure and forest resources are calculated for each village, while variables reflecting forest benefits and welfare are constructed for each household. An array of bivariate tests is performed to establish how exposure to mines is linked to the forest resource, forest benefits and household welfare. Multivariate econometric models are specified and estimated to isolate the impact of mine exposure, controlling for other village and household characteristics (e.g., access to public infrastructure).
A key challenge is identifying appropriate measures of household welfare in this semi-subsistence economy. Cash income does not provide a complete picture of household welfare and is likely to overstate the benefits of mining. Full income is challenging to compute for households that produce and consume a vast array of goods, many of which are rarely traded in the market. Wealth (number and quality of assets) is a common alternative. In the context of Orissa, diversity and protein in the family diet and education of female children are potentially informative indicators. Health status is perhaps the most fundamental and least controversial measure of welfare. This could be measured as the cost of all illnesses (days unable to work, expenditures on health care, or the total cost of both of these) or as the incidence of particular illnesses with severe consequences or direct links to the mining industry (malaria, skin disease, respiratory infections). One possibility is that proximity to mines will be correlated with ill health only because both are related to employment in mines. The welfare implications and policy prescriptions for such occupational health issues are quite different from those for environmental health. Thus, it is important to separately identify these two possible impacts of iron ore mining on health and thus well-being of the local population.
Sampling Procedure and Data Collection
Two blocks were selected in Keonjhar district: Joda block, with a high concentration of mines, and Keonjhar Sadar block, which has no iron ore mines but is potentially affected by mining in neighboring blocks (Figure 1) . All of the sample villages fall within the Peripheral Development Zone of 50km from the mining area. "Mine exposure" is defined as a function of distance to mines: villages closer to mines have higher exposure to mining activity. The ten sample villages in Joda are all within 4 kilometers of the closest iron ore mine, and all but two are less than 3.4 kilometers from a mine. The ten sample villages in Keonjhar Sadar are all more than 5 kilometers from the closest iron ore mine and all but two are more than 10 kilometers from a mine ( Figure  3 ). While their exposure to mines is quite different, the villages in both blocks have access to significant forest area. For example, the time required to walk to the forest is not significantly different across the two blocks. Joda block did have somewhat more dense and open forest in 1989 (22.66% compared to 5.87% in Keonjhar Sadar).
The sample villages were selected systematically to ensure sufficient variation and representation of different social groups, especially scheduled castes and tribes. In each village, 30 households were selected at random and a detailed household questionnaire was administered. Basic information on each village was also assessed through a community survey.
The household questionnaire contains modules designed to elicit information on household access to public utilities, household perceptions of the impact of mines on the local environment, changes in dependence on forest products over a twenty year period, demography, current consumption and sale of forest products, agricultural activities, employment, asset ownership, health and participation in community activities. The community and household surveys were conducted by two teams comprising a supervisor and seven interviewers each. Key informant surveys at the community level were simultaneously conducted by field supervisors to gather information on the history of the village, history of mining around the village, prices of agricultural and forest products commonly consumed and traded by households in the village and the legal status of the forest that households collect products from.
Secondary data were collected from Census of India block level reports on village composition. Classified land cover information for the two sample blocks was obtained from Orissa Remote Sensing Application Agency for 1989 and 2004. The classification was performed on images recorded by the Indian Remote Sensing satellite (IRS). These classified images enabled identification of mining areas (including rock quarries, iron ore mines, and other mining activity), forests with varying canopy cover, agricultural land, water bodies, barren land, village settlements and urbanized areas. Additional GIS information was obtained on the locations of sample villages. Location of mining industries and hydrology information were digitized from paper maps that were obtained from the Orissa State Pollution Control Board.
Data Description
In order to evaluate the effects of mine exposure, key variables representing the different components of the conceptual framework were identified and constructed from the household surveys, community surveys, and GIS data. Tables 1, 3 , 5, and 7 define the variables that represent exposure to mines, forest resource, forest benefits and household welfare.
In the absence of field-based measurements of pollution or secondary information on scale or history of mine operations, two distance-based measures of exposure of villages to mining activity are developed: (1) categorical variable indicating the location of the village in the "high" or "low" exposure blocks; and (2) Euclidean distance in kilometers from village to the nearest ion ore mine (distance to iron ore mine). The descriptive statistics for variables representing each component of the conceptual framework (Tables 2, 4, 6, 8, and 9 ) are designed to represent and test differences across high and low mine exposure and correlation with distance to mines. Table  2 shows that these two key indicators are correlated with other measures of mine exposure. Most of the variables in these tables are derived from the household survey, including village averages to represent forest resource conditions and indicators of forest benefits and welfares constructed from each household's responses. Exceptions include (1) the extent of forest, constructed from GIS data on the location of villages and the land cover information, and (2) access to forest, which reflects information from the community survey.
Results

Bivariate Analyses
We first present descriptive statistics and bivariate analyses for four categories of variables indicating mine exposure, forest resource, forest benefits, and welfare. For each variable, statistics include the population-weighted mean (taking into account the different sizes of villages), the simple mean and standard deviation for the entire sample, the mean and standard deviation for the two blocks, and a correlation coefficient with distance to iron ore mines (Tables 2, 4, 6, 8, and 9) . Results from two bivariate tests are also reported in these tables: a cross next to the variable name indicates that the block means are significantly different at the 5% level, and an asterix next to the correlation coefficient indicates a significant bivariate correlation with distance to iron ore mines at the 5% level. We focus on these variables that are significantly different across the two exposure categories (the two blocks) and/or significantly correlated with mine exposure.
Mine Exposure
Villages in Joda, by design, are significantly closer to mining areas (average distance being 1.99km in Joda and 12.68km for Keonjhar Sadar) and belong to the "high" mine exposure category, while villages in Keonjhar Sadar belong to the "low' mine exposure category. Other measures of mine exposure that are calculated either from the GIS information (distance to iron ore mine) or from the household survey support this exposure categorization. The count of the number of mining areas within 10km buffer zones around each village (number mines in 10k buffer) is significantly higher for Joda. 26% of households in Joda feel that mines pollute local water resources compared to 9% in Keonjhar Sadar (water pollution -mine); 80% of households in Joda blame mining for deforestation compared to 62% in Keonjhar Sadar (deforestationmine). Mines also have benefits: 90% of Joda households report income benefits from mines compared to only 36% in Keonjhar Sadar (more employment -mine). Tables 1 and 2 also report household employment in mines. On average, 0.5 persons per household are employed as daily laborers in the mines (c.f. employment in agriculture, with 0.5 working on own and others' farms, 0.3 working as agricultural labor, and 0.3 working as sharecroppers). In Keonjhar Sadar, nearly 1 person per household is employed in the mines.
Forest Resource vs. Mine Exposure
Secondary land cover data provide measures of the stock of forest resources, i.e., the extent of forest cover in circular zones (buffers) around the villages. Indicators of forest quality are constructed based on all survey responses in a village, e.g., the number of different species collected from the forest or the number of different species observed in the past year by all respondents in a village. The average amount of forest in 2km buffers around each village (2004 percent forest around village), including 'dense' and 'open' forest with canopy cover greater than 10% from the landcover classifications for 2004, is not significantly different across the exposure levels. Villagers report that they have to walk 45 minutes on average to the nearest forest, with no statistically significant difference across the two blocks (distance to forest). These two measures suggest similar access to forest in the two blocks.
Villagers in Keonjhar Sadar report that they devote significantly more time to collecting NTFP (more time collecting NTFP) but they also collect a greater variety of forest products (percent of forest species collected). Villagers in Joda report a significantly higher number of elephant encounters (elephant encounters) but lower incidence of wildlife encounters in general (more wildlife observed). In general, there are a wide variety of patterns in wildlife observations across villages. The intermediate disturbance hypothesis offers one explanation for this variation. In undisturbed areas, wildlife are not observed because of the abundance of habitat provides cover.
In highly disturbed areas, wildlife is not observed because the scarcity of habitat causes species to exist in very low numbers or be locally extinct. At intermediate level of disturbance, species are present, but have less cover and need to move more to find suitable habitat, increasing sightings. Overall forest cover in Joda is greater than in Keonjhar Sadar, perhaps providing adequate habitat for most of the wildlife species, except elephants and other large mammals. Both forest stock and forest diversity proxied by (2004 percent forest around village) and (percent of forest species collected) are significantly correlated with distance to iron ore mines, with correlation coefficients of 0.25 and 0.68. These correlation coefficients indicate that both quantity and quality of forest increase with distance to iron ore mines. Tables 3 and 4 contain details of other variables that reflect measures or perceptions of change in forest condition.
Forest Benefits vs. Mine Exposure
Previous studies of NTFP dependence in Orissa report that collection and sale of NTFP provides 20 -50% of household income per year (Mallik and Das 2004) . In another study, Albers et al. (2004) found that NTFP contributed 15% to household cash income in Keonjhar. In our sample, 98% of the households collect some NTFP, while 32% of the households sell some NTFP. As shown in Tables 5 and 6 , households on average collect 6 different NTFP and 20% of household labor is devoted to collection of forest product. While average cash income from agriculture is Rs. 663/year, average cash income from sale of forest products is Rs. 430/year. Households in Keonjhar Sadar are significantly higher collectors (forest product collection) and sellers of forest products (forest product sale). Similar pattern of dependence is observed considering only the five major NTFP (major NTFP collection) (Sal leaves, Sal seeds, Kendu leaves, Mahua flower and Tamarind) that are referred to in the literature as being most important in the livelihood of forestdependent villages in India. They also make significantly more trips to collect forest products (collection trips). The contribution of forest products to daily diet is significantly higher for households in Keonjhar Sadar (contribution of forest product in diet). Overall, households further from mines obtain more direct benefits from forests compared to those living closer to the mines. The correlation coefficients for all these measures of forest benefits are positive and significant, indicating that benefits derived from forests are higher for villages further away from mines.
Welfare vs. Mine Exposure
Information from the household surveys is used to construct different measures of welfare, including a stated measure of changes in well-being, financial well-being (total cash income), ownership of physical assets (productive assets, land owned) and living conditions (number of rooms, construction material for house), and human capital (education, nutrition, and health). (See Tables 7 and 8 .) Households in Keonjhar Sadar have higher cash income on average (total cash income). These households are significantly better off than the ones in Joda in terms of ownership of livestock assets (livestock asset), agricultural production assets (production asset) and land (dummy land owned). As mentioned before, education levels are higher for households in Keonjhar Sadar (adult education, girl child education). Separating the sources of income, wage income for households in Joda is higher than Keonjhar Sadar, most likely because of the employment benefits of nearby mines reported in Table 2 . However, the difference is not statistically significant. Using size and quality of homes as indicators of living conditions, households in villages further from mines have larger homes (more rooms), though they are not always made of better construction material. The correlation coefficients for variables measuring physical assets and human capital with distance from mines are positive and significant, indicating higher asset holdings in villages further from mines.
Turning to the health variables, incidence of illness, expenditures on illness, and total cost of illness are all higher in Joda and negatively correlated with distance to mines, but none of these statistics are significant. However, households in Joda and households who live closer to mines do report significantly more days that household members are too ill to work.
Village and Household Characteristics
One potential concern with the bivariate results described above is that they may reflect factors other than mine exposure. The factors of greatest concern are village and household characteristics that are pre-determined and exogenous to mine exposure, but that are correlated with mine exposure, as defined by blocks or distance to iron ore mines. Tables 10 and 11 define and present descriptive statistics for key characteristics, including tests of difference in means across blocks and correlation with distance to iron ore mines. As expected due to their proximity to district administrative headquarters, villages in Keonjhar Sadar have better access to schools, health posts, markets and public drinking water facility. Villages in Joda have better access to allweather roads, probably a result of road building for transport of mineral ores. Villages in Joda also report to receive more government assistance (External assistance) and have higher number of active community organizations. Education levels are significantly higher in Keonjhar Sadar, measured either using number of years of schooling of adult family members (adult education), or if adult members in the family could read newspapers (adult literacy) and maintain household accounts (adult numeracy). Villagers in Joda report higher employment in factories or as construction workers as a result of proximity to the mines. Reported cases of cough and cold are higher in Joda, while there is no significant difference in reported cases of malaria between the two blocks. No significant difference was observed across blocks in community based forest management efforts through Forest Protection Committees (FPC) or Forest User Groups (FUG) (Village level forest management organization). Tables 10 and 11 compare a much larger set of variables, including many potentially endogenous to mine exposure, across the two blocks.
Multivariate Results
Multivariate models of forest benefits and welfare outcomes are estimated to verify the impact of mine exposure suggested by the bivariate statistics presented in the previous section. Several measures of forest benefits and welfare outcomes are selected in order to best represent these multifaceted concepts. Variables representing forest benefits include indicators of income (proportion of cash income from forest), labor (collection trips), nutrition (contribution of forest product in diet) and key forest products (major NTFP collection). Variables for welfare are chosen to reflect financial, human, and physical capital: income (total cash income), production inputs (production assets), education (girl child education) and health (days ill per household member). The selected variables are uncorrelated with one another but correlated with a subset of variables in their categories that were not included in the multivariate regression. For each measure of forest benefits and household welfare, models are selected based on distribution of the dependent variable and regression diagnostics as summarized in Table 12 .
For each of these models, summary of the estimation results from three specifications are presented in Table 13 . All specifications include a common set of control variables, drawn from the exogenous village and household characteristics described above. The first specification (Model 1) is a reduced form estimation of the impact of mine exposure on forest benefits or welfare; this impact likely operates through mines' impact on forest as well as other pathways. The second specification (Model 2) estimates the impact of the forest resource (extent and quality) on forest benefits or welfare; the forest resource is likely to be partly but not entirely determined by mine exposure. The third specification (Model 3) tests whether mine exposure affects outcomes after controlling for the forest resource. The forest resource is represented by proxies for forest diversity (percent of forest species collected) and forest stock (2004 percent forest around village). In the results presented here, mine exposure is represented by distance to nearest iron ore mine (distance to iron ore mine). Specification checks using the categorical variable for block produce similar results in all but two models: the categorical variable is not significant in the regression on major NTFP collection and is significant in the regression on girl child education. Control variables selected for the final specification are adult education, Scheduled Tribe or Scheduled Caste, external assistance (dummy if household receives), household shock (dummy if household suffered in past year); village distances to (a) all-weather road, (b) market and (c) health post; and village level forest management organization.
Consider the model of "days ill" as an illustration of the analytical procedure. This is the total number of days that household members were not able to work due to illness, divided by household size. Conceptually, this is a very robust measure of welfare, because it is equally applicable to all households, unlike cash income (since many households are subsistence oriented), production assets (since the count may depend on the diversification of household activities), and education of female children (since not all households have girls). In contrast to those other welfare measures, this variable is a "bad": increasing levels of days ill indicate decreasing levels of welfare. Thus, the expected signs in this model are the opposite of other models. In the first specification, the mine exposure variable (distance to mine) has a negative and highly significant coefficient when combined only with the village control variables, indicating that reported days of illness increases as proximity to iron ore mines increases. In the second specification, the forest diversity variable is significantly negative, but the forest stock variable is statistically insignificant. When both the mine exposure and forest resource variables are included in the model, the exposure variable remains significantly negative but the forest diversity variable becomes insignificant. These results suggest that mine exposure impacts health partly through its impact on forest diversity and partly through other (possibly direct) pathways.
In general, the multivariate estimations are consistent with the bivariate results. Except for proportion of cash income from forest, other forest benefit variables significantly increase as distance to mines increase and the sign and significance of distance to mines remain unaffected when forest stock and diversity are controlled for. The estimated relationship between welfare and mine exposure is consistent across models, the most significant impact being that reported days of illness decrease and count of productive assets increase for households as they move further from the mines. Forest diversity has a consistent positive impact on forest benefits and on some of the welfare measures. However, in some models, the coefficient on forest stock is unexpectedly negative and significant. This may indicate that it is a poor proxy for village access to forest resource; for example, it could be that villages use forest in wider radius than 2 kilometers around the village including areas in neighboring districts and states for which landcover data are not available. Only in the case of the health indicator does the significance of forest diversity change when mine exposure is controlled for. Finally, two important measures of welfare (total cash and girl child education) appear to have little relationship to either mine exposure or forest quality, controlling for other village and household characteristics.
Among the household level control variables, adult education is an important determinant of household income. Villagers belonging to both Scheduled Tribes and Castes derive significant benefits from the forest, but the Scheduled Tribes rank low on welfare indicators. Among the village level characteristics, village level shocks are positively correlated with forest benefits, indicating a form of natural insurance that forests provide these villagers. A confounding result seems to be the negative relation between access to all-weather roads and household income. Variables for public infrastructure like access to school and health centers do not appear to have any discernible pattern.
To gain more insight from control variables, we present full model results for regressions on days ill. Table 14 reports the full models underlying Table 13 . Few of the control variables are statistically significant. As expected, distance to health post has a positive correlation with days ill (except when forest cover is included, probably because of multicollinearity issues).
Scheduled tribe households report fewer days ill than other households. As noted before, exposure to mines is related to ill health, even after controlling for exogenous household and village characteristics. However, this could be because households close to mines take advantage of the employment opportunities and suffer from poor "occupational health." To control for this effect, the fourth model in Table 14 includes days worked in the mines. As expected, it is positively correlated with days ill, but the coefficient on distance to mines remains statistically significant and negative. Table 15 reports a slightly different model, with total days ill as the dependent variable and household size as a control variable. The specification also includes a dummy for whether or not anyone in the household works in the mines, rather than days employed in the mines. The results are similar and provide evidence that mines impact both occupational and environmental health.
Malaria is by far the most significant illness affecting the households in our sample, as shown in Table 9 . Because mine operations alter water courses and create standing pools of water, they could be contributing to this problem. However, according to the bivariate statistics, households in Keonjhar Sadar actually lose more working days to malaria than households in Joda. The second model reported in Table 15 tests the effect of mine exposure on days ill with malaria, controlling for other household and village characteristics such as distance to surface water. Once we control for these other variables, we find that exposure to mines, either through proximity of residence or employment, increases the number of working days lost due to malaria. Among the control variables, perhaps the most surprising result is that diversity of diet is positively associated with days ill (total and malaria). Two possible explanations are that households seek to treat their illnesses with a greater diversity of diet, or that the production of a more diverse diet exposes households to more possible illnesses.
Conclusions
The cross-sectional nature of this study limits any definitive conclusions regarding the causal links between mine exposure, the forest resource, and household benefits derived from the forest and overall welfare. However, the combined bivariate and multivariate results are highly suggestive of relationships between the variables of policy interest (mine exposure and forest resource) and outcomes for the forest-dependent and mine-impacted population. Mines certainly bring some benefits, such as employment opportunities for the local population. Associated infrastructural development following establishment of mines improve village access to markets. Being located in remote areas, these villages most likely would have remained less accessible if mining operations had not been established close to them. However, the list of benefits from mines does not run long. Proximity to mines was found to reduce forest benefits, measured by collection of NTFP or contribution of forest products in the diet.
In terms of indicators of overall welfare, villages closer to mines have poorer health, education and production assets. These impacts are likely partly due to the impact of mines on forest quality. Proximity to mines is associated with reduced forest quality, as measured by the diversity of forest products available to village residents. More objective measures of pollution from mines and quality of the forest resource were not available for this study. However, our findings from available data do indicate the importance of benefit-sharing arrangements between the local communities, state and private industries. The villages closest to mines appear to bear a greater environmental cost. Thus, a compensation mechanism can and should be designed to ensure that the mining industry in Orissa becomes a sustainable engine of broad-based and equitable growth and not another example of the resource curse. 
